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Abstract In this study, we analyze changes in extreme temperature and precipitation over
the US in a 60-member ensemble simulation of the 21st century with the Massachusetts
Institute of Technology (MIT) Integrated Global System Model–Community Atmosphere
Model (IGSM-CAM). Four values of climate sensitivity, three emissions scenarios and five
initial conditions are considered. The results show a general intensification and an increase
in the frequency of extreme hot temperatures and extreme precipitation events over most
of the US. Extreme cold temperatures are projected to decrease in intensity and frequency,
especially over the northern parts of the US. This study displays a wide range of future
changes in extreme events in the US, even simulated by a single climate model. Results
clearly show that the choice of policy is the largest source of uncertainty in the magnitude of
the changes. The impact of the climate sensitivity is largest for the unconstrained emissions
scenario and the implementation of a stabilization scenario drastically reduces the changes
in extremes, even for the highest climate sensitivity considered. Finally, simulations with
different initial conditions show conspicuously different patterns and magnitudes of changes
in extreme events, underlining the role of natural variability in projections of changes in
extreme events.
1 Introduction
Extreme weather and climate events, such as heat waves, droughts and severe precipi-
tation events, have received increasing attention in recent years, due to the often-large
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impacts on society and ecosystems. Regional and global analyses of temperature extremes
on land report statistically significant increases in the numbers of warm days and nights
and decreases in the numbers of cold days and nights (Brown et al. 2008; Peterson et al.
2008; Meehl et al. 2009). In addition, there have been increases in the number of heavy
precipitation events over the last half of the 20th century in more regions than there have
been decreases (IPCC 2013). The overall most consistent trends toward increases in heav-
ier precipitation events are found in North America (Peterson et al. 2008; DeGaetano 2009;
Pryor et al. 2009; Gleason et al. 2008). Models project substantial increases in tempera-
ture extremes by the end of the 21st century with the length, frequency, and/or intensity of
warm spells and heat waves increasing over most land areas (Kharin et al. 2007; Sterl et al.
2008; Orlowsky and Seneviratne 2012). In addition, future climate simulations generally
project increases in the greatest precipitation events over northwestern and northeastern US
(Meehl et al. 2005). However, there are large uncertainties related to GCMs, RCMs and sta-
tistical downscaling methods, and by natural variability of the climate (Tebaldi et al. 2006;
Kharin et al. 2007; Kysely` and Beranova´ 2009; Kenyon and Hegerl 2010; Orlowsky and
Seneviratne 2012).
Extreme events can impact, directly or indirectly, all sectors of the economy. They can
destroy large infrastructure and private properties, and lead to severe human losses. Various
studies have examined the impacts of extreme events on infrastructure (Penning-Rowsell
and Wilson 2006; Wright et al. 2012), air quality and human health (Leibensperger et al.
2008; Mahmud et al. 2012), terrestrial ecosystems (Parmesan et al. 2000; Xiao et al. 2009),
agriculture and forestry (Rosenzweig et al. 2001; Maracchi et al. 2005), water demand
(Strzepek et al. 2010), as well as energy demand and production (Smoyer-Tomic et al. 2003;
Yergin 2006). For agriculture, single extreme weather events in the US can lead to eco-
nomic damages that exceed $1 billion (Rosenzweig et al. 2001). The widespread drought
and excessive heat conditions in the Midwest and Great Plains in the summer of 2012 con-
tributed to sharp decreases in yields and the crop insurance indemnities for 2012 losses
totaled $16 billion (Folger et al. 2013). Hurricanes Katrina and Rita shut down 27 % of
oil production in the US (Yergin 2006) and Hurricane Sandy inflicted approximately $65
billion in economic losses across the US, the Caribbean, the Bahamas and Canada (Aon
Benfield 2013). Extreme events can also cause substantial loss of life, like in 1998, when
flooding and landslides due to Hurricane Mitch resulted in more than 10,000 deaths in Cen-
tral America (Easterling et al. 2000) or like in 2003, when the European summer heat wave
resulted in more than 70,000 deaths in 16 countries (Robine et al. 2008).
In this paper, we present projections of future changes in extreme temperature and pre-
cipitation using a consistent modeling framework with a focus on three key sources of
uncertainty: (i) emissions projections; (ii) global climate system response; and (iii) natural
variability. The simulations used in this analysis are part of a multi impact model project to
achieve consistent evaluation of climate change impacts in the US (Waldhoff et al. 2013).
2 Methodology
2.1 Model description
For this study, we use an ensemble of climate simulations with the Massachusetts Insti-
tute of Technology (MIT) Integrated Global SystemModel–Community AtmosphereModel
(IGSM-CAM) (Monier et al. 2013b). The IGSM is an integrated assessment model that cou-
ples an Earth System Model of Intermediate Complexity (EMIC), with a two-dimensional
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zonal-mean atmosphere, to a human activity model. The IGSM includes a representation
of terrestrial water, energy, and ecosystem processes, global scale and urban chemistry
including 33 chemical species, carbon and nitrogen cycle, thermodynamical sea ice, and
ocean processes. In the IGSM-CAM framework, the IGSM (version 2.3) includes a three-
dimensional dynamical ocean component based on theMIT ocean general circulation model
(Marshall et al. 1997a, b). The heat and freshwater fluxes are anomaly coupled in order to
simulate a realistic ocean state. Observed wind stress from six-hourly National Centers for
Environmental Prediction (NCEP) reanalysis (Kalnay et al. 1996) is used to more realis-
tically capture surface wind forcing over the ocean. For any given model calendar year, a
random calendar year of wind stress data is applied to the ocean in order to ensure that both
short-term and interannual variability are represented in the ocean’s surface forcing. Differ-
ent random wind sampling can be applied to simulate different natural variability (Monier
et al. 2013b). Finally, the human systems component of the IGSM is the MIT Emissions
Predictions and Policy Analysis (EPPA) model (Paltsev et al. 2005), which provides pro-
jections of world economic development and emissions over 16 global regions along with
analysis of proposed emissions control measures.
Since the IGSM includes a human activity model, it is possible to analyze uncertainties
in emissions resulting from both uncertainty in model parameters and uncertainty in future
climate policy decisions. Another major feature is the flexibility to vary key climate param-
eters controlling the climate response: climate sensitivity, strength of aerosol forcing and
ocean heat uptake rate. Because the IGSM has a two-dimensional zonal-mean atmosphere,
it cannot be directly used to simulate regional climate change. To simulate climate change
over the US, the IGSM is linked to the National Center for Atmospheric Research (NCAR)
Community Atmosphere Model (CAM) (Collins et al. 2006), with new modules developed
and implemented in CAM to allow climate parameters to be changed to match those of
the IGSM. In particular, the climate sensitivity of CAM is changed using a cloud radiative
adjustment method (Sokolov and Monier 2012). In the IGSM-CAM framework, CAM is
run at a horizontal resolution of 2◦ × 2.5◦. More details on the IGSM-CAM framework can
be found in (Monier et al. 2013b).
2.2 Description of the simulations
Uncertainty in future climate change is considered by running the IGSM-CAM with four
values of climate sensitivity and three emissions scenarios, resulting in 12 core simulations.
The three emissions scenarios considered are (i) a reference scenario with unconstrained
emissions after 2012 (REF), with a total radiative forcing of 10.0 W/m2 by 2100; (ii) a sta-
bilization scenario (POL4.5), with a total radiative forcing of 4.5 W/m2 by 2100; and (iii)
a more stringent stabilization scenario (POL3.7), with a total radiative forcing of 3.7 W/m2
by 2100. More details on the emissions scenarios and economic implications, along with
how they relate to the Representative Concentration Pathway (RCP) scenarios are given in
Paltsev et al. (2013). The four values of climate sensitivity (CS) considered are 2.0, 3.0, 4.5
and 6.0 ◦C, which represent respectively the lower bound (CS2.0), best estimate (CS3.0)
and upper bound (CS4.5) of climate sensitivity based on the Fourth Assessment Report of
the Intergovernmental Panel on Climate Change (IPCC 2007), and a low probability/high
risk climate sensitivity (CS6.0). The CS6.0 simulations are not treated the same as the oth-
ers simulations, which represent the likely range, as they represent an outlier. Nonetheless,
they provide a useful representation of a “worse-case scenario”. The associated net aerosol
forcing was chosen to ensure a good agreement with the observed climate change over the
20th century. The impact of the different values of climate sensitivity on the global climate
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response is also presented in Paltsev et al. (2013). For each set of climate sensitivities and
emissions scenarios, a five-member ensemble is run with different initial conditions in the
land, ocean and atmospheric components, as well as different random wind sampling, (sim-
ply referred to as initial conditions perturbation in the remainder of the article) to account
for the uncertainty in natural variability in the climate system, resulting in a total of 60 simu-
lations. Results are presented for the five-member ensemble means in order to better extract
any long-term signal from the year-to-year variability and provide more robust results.
Monier et al. (2013a) provides an overview of the projected changes in mean temperature
and precipitation over the US, along with an analysis of the contributions of various sources
of uncertainty. Monier et al. (2013a) shows that the choice of the climate model has a large
impact on the range and patterns of precipitation changes, much less so for changes in
temperature. As a result, a limitation of this study is that we only use one atmospheric
model. The consideration of other models would likely give a wider range of changes in
extreme precipitation events and should be the focus of further research.
2.3 Calculation of extreme events
In this study we analyze the changes in extreme temperature and precipitation events over
the US between present day (defined as the 1981–2010 period) and the 2086–2115 period
(hereinafter referred to as 2100). There is a large number of methods used to define extreme
events, whether based on an absolute threshold (e.g., maximum daily temperature exceeding
35 ◦C) or on the distribution of a variable (e.g., percentile method), or like the indices
developed by the Expert Team on Climate Change Detection and Indices (ETCCDI, Klein
Tank et al. 2009). In this study, we define three long-term extreme indices based a percentile
method following Bell et al. (2004). To compute the extreme hot index (T99), the 99th
percentile daily maximum temperature is calculated at each grid cell for each of the 30 years
of the period considered (present day and future). These percentiles correspond essentially
to the 4th hottest maximum temperature in a year. Then T99 is defined at each grid cell as the
mean of the 30 99th percentile daily maximum temperature values. The extreme cold index
(T01) and the extreme precipitation index (P99) are calculated in the same way but based
on the 1st percentile daily minimum temperature values and on the 99th percentile daily
precipitation. A similar extreme index method was used over the US in previous studies
(Diffenbaugh et al. 2005; Walker and Diffenbaugh 2009), but considering the 5th and 95th
percentiles, instead of the 1st and 99th percentiles, thus reducing the level of extreme events
considered. In addition, they compute the extreme precipitation index using only rain days
(defined as daily precipitation exceeding 1.0 mm) for each year. As a result, future changes
in the number of rain days (shown in Online Resource 1) would affect the changes in the
extreme precipitation index, even if the magnitude and frequency of extreme events did not
change. For this reason, the number of events selected for the calculation of P99 in this
study is kept constant, regardless of the year or period considered.
We present results from the analysis of the change in intensity and frequency of T99,
T01 and P99 from present day to 2100. The change in frequency of T99 is defined as the
change in number of days with maximum daily temperature above the present-day T99. For
T01 and P99, the method to compute the change in frequency is slightly different. For T01,
all simulations show a decrease in the number of days with minimum daily temperature
below the present-day T01, caused by the ubiquitous warming. As a result, the decrease in
the frequency of T01 is always between zero and 4 days (on average, there are 4 days with
minimum daily temperature below the present-day T01 in the present-day period). Com-
puted in this way, the change in frequency of T01 provides only limited information. For this
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reason, we calculate the decrease in the frequency of T01 as the change in the number of
days with minimum daily temperature below the 2100 T99 (as a negative number). For P99,
the change in frequency is computed like T99 when it shows an increase and like T01 when
it shows a decrease.
The simulation of extreme events with the MIT IGSM-CAM framework is compared
to the National Aeronautics and Space Administration (NASA) Modern Era Retrospective-
Analysis for Research and Applications (MERRA) reanalysis (Rienecker et al. 2011), at
0.5◦ × 0.66◦ resolution, and the NCEP/NCAR Reanalysis (Kalnay et al. 1996), at T62
gaussian grid (approximately 2◦ × 2◦ resolution).
3 Results
3.1 Changes in extreme hot events
Figure 1 presents maps of the present-day T99 for the MERRA and NCEP reanalyses
and the IGSM-CAM. The IGSM-CAM simulation agrees reasonably well with the two
a
b
Fig. 1 a Present-day (1981–2010 period) annual 99th percentile of maximum daily temperature (T99) for
the MERRA and NCEP reanalyses and the MIT IGSM-CAM and b change in T99 (◦C) simulated by
the MIT IGSM-CAM for the 2085–2115 period relative to the 1981–2010 period. Changes are shown for
each of the three emissions scenarios (REF, POL4.5 and POL3.7) and the four values of climate sensitivity
(CS = 2.0, CS = 3.0, CS = 4.5 and CS = 6.0 ◦C) considered, averaged over five different initial conditions
72 Climatic Change (2015) 131:67–81
reanalyses over the Western US, but shows a warm bias over the Eastern US. The maximum
in T99 shown in the two reanalyses over the Great Plains is simulated too far east and as a
result, the T99 values are too high over the Great Lakes region and the Southeast. Such bias
is not uncommon in simulations of extreme hot events over the US as shown in simulations
using a high-resolution regional climate model (Walker and Diffenbaugh 2009). Figure 1
also shows maps of changes in T99 from present day to 2100 for the 12 core simulations,
averaged over the five initial conditions. The general pattern of change in T99 exhibits a
strong east-west dipole. The largest increases in T99 are found over the Western US, and
to a lesser extent over the Great Lakes and New England. Under the reference scenario, the
magnitude of increase in T99 ranges from 5◦ to 10 ◦C (and up to 12 ◦C for CS6.0 simula-
tion) over the Western Coast and from 2◦ to 9 ◦C (and up to 11 ◦C for the CS6.0 simulation)
in the Eastern US. Such increases in T99 would likely have devastating impacts on both
ecosystems and humans. To put this in perspective, during the European summer heat wave
of 2003, Europe experienced summer surface air temperature anomalies (based on the June-
July-August daily averages) reaching up to 5.5 ◦C with respect to the 1961–1990 mean
(Garcia-Herrera et al. 2010). Instead of 5 ◦C anomaly from the mean, the present results
suggest that, under the reference scenario, the present-day extreme temperatures are likely
to increase by 5 ◦C over a large part of the US. However, under either policy scenario, the
intensification of T99 would be drastically reduced, with increases of less than 3 ◦C over
most of the US. Figure 2 shows maps of the change in T99 frequency. The simulations show
a general increase in the number of extreme hot days. Similarly to the change in the inten-
sity of T99, the largest changes take place over the Western US. Under the REF scenario, the
maximum increases in the number of extreme hot days range from 50 to 100. Over the rest
of the US, there are between 10 and 40 more extreme hot days. Under either stabilization
scenarios, the increase in the frequency of T99 is reduced to not more than 40 days per year.
Fig. 2 Change in the frequency (day/year) of extreme hot days (T99) simulated by the MIT IGSM-CAM for
the 2085–2115 period relative to the 1981–2010 period. Changes are shown for each of the three emissions
scenarios (REF, POL4.5 and POL3.7) and the four values of climate sensitivity (CS = 2.0, CS = 3.0,
CS = 4.5 and CS = 6.0 ◦C) considered, averaged over five different initial conditions
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3.2 Changes in extreme cold events
Figure 3 shows maps of the present-day T01 for the two reanalyses and the IGSM-CAM.
The IGSM-CAM realistically simulates the distribution and magnitude of T01, with a
stronger agreement with the MERRA reanalysis over the Southern US. Nonetheless, the
IGSM-CAM shows a warm bias over Wisconsin, Minnesota and North Dakota. Figure 3
also shows maps of changes in T01 from present day to 2100 for the 12 core simulations,
averaged over the five initial conditions. The range of changes in T01 varies greatly among
the different emissions scenarios and climate sensitivities. All simulations show increases
in T01, with a general north-south dipole pattern. The largest increases take place in the
Northern US and over the Rocky Mountains, and the least amount of change occurs over
the Southern States. The impact of the climate sensitivity is strong among all emissions sce-
narios. Under the REF scenario, the maximum increases in T01 range from about 11 ◦C to
22 ◦C (and above 22 ◦C over most of the Northern US for the CS6.0 simulation). In compar-
ison, the implementation of either policy scenario limits the increases in T01 to under 10 ◦C,
regardless of the value of climate sensitivity. For the lowest climate sensitivity (CS2.0),
a
b
Fig. 3 a Present-day (1981–2010 period) annual 1st percentile of minimum daily temperature (T01) for the
MERRA and NCEP reanalyses and the MIT IGSM-CAM and b change in T01 (◦C) simulated by the MIT
IGSM-CAM for the 2085–2115 period relative to the 1981–2010 period. Changes are shown for each of the
three emissions scenarios (REF, POL4.5 and POL3.7) and the four values of climate sensitivity (CS = 2.0,
CS = 3.0, CS = 4.5 and CS = 6.0 ◦C) considered, averaged over five different initial conditions
74 Climatic Change (2015) 131:67–81
changes in T01 are less than 4 ◦C over the entire US. This underlines the risk of severe
changes in extreme cold events under a reference scenario and the strong mitigating impact
of the stabilization scenarios. Changes in T01 frequency are shown in Fig. 4. All simula-
tions show a decrease in extreme cold days, with the largest changes over the Western and
Northern US. Under the REF scenario, decreases vary from less than 20 days per year to
80 days per year (and to more than 100 days per year in the CS6.0 simulation). Under either
stabilization scenarios, the decrease stays below 20 days per year.
3.3 Changes in extreme precipitation events
Figure 5 displays present-day P99 for the two reanalyses and the IGSM-CAM. The IGSM-
CAM simulates the distribution and magnitude of P99 well, with maximum values over
the Northeast and Southeast and along the West Coast north of San Francisco. The dif-
ferences between the IGSM-CAM and the MERRA reanalysis are generally as large as
between the two reanalyses, thus within observational error. Figure 5 also shows maps of
changes in P99 from present day to 2100 for the 12 core simulations, averaged over the
five initial conditions. The IGSM-CAM simulations show a general increase in the intensity
of extreme precipitation events, except over California. The increase in P99 is particularly
strong over the Northeast and Southeast. The largest changes are coincident with the simu-
lations with the largest warming (the higher the climate sensitivity and the higher the levels
of greenhouse gases concentrations in the atmosphere). Therefore, the implementation of
any stabilization policy will inevitably have great impacts. For example, the magnitudes
of the increase in P99 in the CS6.0 POL4.5 scenario are similar to the CS2.0 REF sce-
nario. Unlike changes in extreme temperature events, the patterns of precipitation change
are less consistent between scenarios. This is particularly true for decreases in P99, which
are smaller for CS6.0 than for the other climate sensitivities under the REF scenario. This is
Fig. 4 Change in the frequency (day/year) of extreme cold days (T01) simulated by theMIT IGSM-CAM for
the 2085–2115 period relative to the 1981–2010 period. Changes are shown for each of the three emissions
scenarios (REF, POL4.5 and POL3.7) and the four values of climate sensitivity (CS = 2.0, CS = 3.0,
CS = 4.5 and CS = 6.0 ◦C) considered, averaged over five different initial conditions
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Fig. 5 a Present-day (1981–2010 period) annual 99th percentile of daily precipitation (P99) for the MERRA
and NCEP reanalyses and the MIT IGSM-CAM and b change in P99 (mm/day) simulated by the MIT
IGSM-CAM for the 2085–2115 period relative to the 1981–2010 period. Changes are shown for each of the
three emissions scenarios (REF, POL4.5 and POL3.7) and the four values of climate sensitivity (CS = 2.0,
CS = 3.0, CS = 4.5 and CS = 6.0 ◦C) considered, averaged over five different initial conditions
likely caused by the small size of the ensemble simulation with perturbations of initial con-
ditions. Figure 6 shows the change in frequency of P99. While there is a general increase
in the number of extreme precipitation events over most of the US, the patterns of change
in the intensity and frequency of P99 are different. The largest increases in the number
of extreme precipitation events takes place over the Great Plains. This means that a larger
number of extreme events are projected, but not necessarily more intense. On the contrary,
over the Northeast and Southeast, the intensity of extreme precipitation events is projected
to increase more than the frequency. This underlines the heterogeneous response of changes
in extreme precipitation events to climate change.
3.4 Impact of the initial conditions
Figure 7 shows maps of changes in T99, T01 and P99 under different initial conditions for
the CS3.0 POL4.5 scenario. With different initial conditions, each simulation experiences
conspicuously different patterns and magnitudes of change in extreme events. For example,
some regions experience decreases in P99 in one of the simulations but increases in all the
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Fig. 6 Change in the frequency (day/year) of extreme precipitation events (P99) simulated by the MIT
IGSM-CAM for the 2085–2115 period relative to the 1981–2010 period. Changes are shown for each of the
three emissions scenarios (REF, POL4.5 and POL3.7) and the four values of climate sensitivity (CS = 2.0,
CS = 3.0, CS = 4.5 and CS = 6.0 ◦C) considered, averaged over five different initial conditions
a
b
c
Fig. 7 Changes in a T99 (◦C), b T01 (◦C) and c P99 (mm/day) simulated by the MIT IGSM-CAM for the
2085–2115 period relative to the 1981–2010 period for each of the five different initial conditions under the
CS3.0 POL4.5 scenario
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others, e.g., Maine (initial condition 2) and Washington (initial condition 4). Similarly, the
extent of the decrease in P99 over California can vary from being very localized to Northern
California (initial condition 4) to encompassing the entire state as well as most of Arizona
(initial condition 5). This analysis reveals the important role of natural variability in future
projections of changes in extreme events. It also demonstrates that one single model, under
one single scenario, can simulate multiple equally plausible future climates with different
changes in extreme events. For this reason, the consistency of the results for simulations
with different initial conditions can be used to test the robustness of a particular pattern of
change. In this case, this analysis suggests that the decrease in P99 over California is not
very robust.
4 Summary and conclusion
In this study, we analyze changes in extreme events from 60 IGSM-CAM simulations of
climate change used in a multi impact model project to achieve consistent evaluation of
climate change impacts in the US. The IGSM-CAM simulations consider three sources of
uncertainty in future climate projections: projected emissions, global climate response and
natural variability.
The results show a general intensification and increase in the frequency of extreme hot
temperatures and extreme precipitation events over most of the US. Extreme precipitation
events are shown to decrease only over California, although this particular projection does
not appear very robust. Extreme cold events become less frequent and less intense, espe-
cially over the northern parts of the US. These results are consistent among the various
emissions scenarios and values of climate sensitivity, but with a wide range of magnitude.
The choice of policy is the largest source of uncertainty in the magnitude of the changes
in extreme events. The choice of climate sensitivity has the largest impact under the refer-
ence scenario. However, even under the lowest climate sensitivity considered, changes in
extreme events are larger than under either stabilization scenarios, regardless of the climate
sensitivity. Finally, simulations with different initial conditions show conspicuously differ-
ent patterns and magnitudes of change in extreme events. This indicates the important role
of natural variability in future projections of not only climate change (Monier et al. 2013a,
c) but also changes in extreme events. It also underlines the importance of ensemble simula-
tions with different initial conditions in order to better extract the anthropogenic signal from
the noise. A summary of the analysis, area-averaged over the contiguous United States, can
be found in Online Resource 2.
The changes in extreme temperature and precipitation events are likely to have impor-
tant consequences. For example, more extreme hot events would lead to more wildfires
and affect ecosystem carbon storage (Mills et al. 2013a). Decreases in extreme cold events
can result in earlier springs, longer growing seasons, and higher crop productivity, which
have been observed in the past few decades (Hicke et al. 2002). At the same time, it can
result in decreases in the number of frost days and the expansion of the frost-free zone (see
Online Resource 3), which would increase the survival of many insects and pests as well
as the spread of crop diseases (Bale et al. 2002). Changes in extreme temperatures can also
impact human morbidity and mortality (Luber and McGeehin 2008; O’Neill and Ebi 2009).
There would likely be competing effects with a negative impact from increasing extreme
hot temperatures and a positive impact from decreasing extreme cold temperatures (Mills
et al. 2013b). Similarly, changes in extreme temperature would affect energy demand, with
increasing extreme hot events leading to higher usage of air conditioning (Miller et al. 2008;
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McFarland et al. 2013). However, decreasing extreme cold temperatures would reduce the
use of fuels for heating (Mansur et al. 2008). Finally, the increase in extreme precipita-
tion may affect crop yields (Rosenzweig et al. 2002) or damage infrastructures (Wright
et al. 2012). The complex interaction between the various changes in extreme events and
the numerous impacts on economic sectors makes a comprehensive analysis of the cli-
mate change impacts difficult. This emphasizes the need for multi impact model projects to
achieve consistent evaluation of climate change impacts in the US (Waldhoff et al. 2013).
Finally, it should be mentioned that this study suffers from limitations. First, only one
atmospheric model is considered. Nonetheless, with one single model, we show that there is
wide range of simulated future changes in extreme events over the US, when considering the
uncertainty in emissions projections, climate response and natural variability. Thus, we wish
to emphasize the need to consider multiple sources of uncertainty when simulating future
changes in extreme events. Another limitation comes from the fact that extreme events are
influenced by various modes of variability, such as El Nin˜o–Southern Oscillation (ENSO)
or the Northern Atlantic Oscillation (NAO). As a result, the projections of future changes
in extreme events are likely to be dependent on the capabilities of the model to accurately
simulate future changes in such modes of variability. Finally, the relatively low resolution
of the IGSM-CAM might lead to biases in the realism of key atmospheric processes con-
trolling extreme events. Walker and Diffenbaugh (2009) and Gao et al. (2012) show that
higher resolution can provide more accurate simulations of extreme events. However, high-
resolution simulations are also too computationally demanding to run large ensembles that
span a wide range of uncertainty.
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